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AStudy: Judgekaveto
reviewprisonrelease
proposalsregularly

AShown Timefrom last
breakreducedlikelihood
for a positive decisioh

AMany more studiesseem
to show.

AHumansareirrational and y
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Problematic
situation In the

USA
ASecond highest

Incarceration rate
worldwide.

A6x higher rate of
Afroamericansind 2Xx

more of Latinos.

ADramatic prognosis:
every third boy at the
age of 10 now will be In
prison at least once in
his life.
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AmericanCivilLibertiesUnion

AAmericancivil liberties states

AADMsystemsneedto be usedin
all stagesof the leaglprocesa X

| AX to ensurefairnessand

k objectivity.

Y ATheyproposethat computer
" shouldlearnthe necessary
decisionrulesfrom data.

SMART REFORM IS POSShtes Reducing Incarceration Rates and Costs
While Protecting Communities, Report from August 2@l B



Cancomputerslearmn?



What Is learning?

Simple:

Repeat some learned behavior in some
defined situation.

Generalized:

Choose the correct behavior from a range of
possibilities in the same kind of situation.
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structure: in neurons and

unexpectedly hot,

unexpectedly cold
ABysaving rules in some

their connections.
ABymany data points

(experiences)
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learned rules
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Computerdearn.

Bygivingthem a structure
for savinglearnedrules

Bygivingthem feedback

Bylearning. is age > 9.57

Neural Decisiontrees
Net

is sexX male?

/

N\

Lsurvived )

\ 0.73 36%

is sibsp > 2.57

0.05 2%

0.17 B61%

0.89 2%
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"CARTree titanic survivors by StephenMilborrow - Ownwork. Licensedunder CC B¥SA 3.0 via Wikimedi@ommons
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Wages In Seattle

You have to welcome a
new employee. Is it Mr.
or Ms Miller?

You know that the
person gets less than
$25/h. Is it rather Mr.
or Ms Miller?
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Kriminolin

It is better that ten
guilty persons escape
than that one innocent
suffer.”

William Blackstone,
Rechtsphilosoph, 1760
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Kriminolin

"I am more concerned
with bad guys who got
out and released than |
' am with a few that, in
fact, were innocent."

Dick Cheney, ehemaliger
Vizeprasident der USA,
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Recidivisnrisk

Learningvith formulae | assessmenof

criminals



Data

AData Miningmethodsuse e.g.:

HEH s WSBT LGS TIPES

. seconsBLANKET _1 TRIGGER |

AAge affirst arrest = M0 = tanugs s

AAgenow TO0LS yeh AUISS, = EHEHFHSEBUSINESS SOFTW
AND

) ] ] ] omh SHARING EAPTHHE : []EE'S"] oo S
AFinanciakituation STORAGE -1 ) =5
A Criminalrelatives (I) EHALLEHEESMHAEEMHTFH[]EESS!NGUH N . = FEMBHESAEHUH

= 3 3 o = = RELATIONAL were

AGender = DRELTES =2 =
. . o = EIPLORE ' £ = Z VULUN
ANumberandkind of previousconvictions == | Mool
ATimepoint of lastcriminalaction = SHARCH o WS Y STENSS

AAsurvey VSUALZITON
ABut (of course notthe raceof a person

ATolearnsomething we needthis dataplusthe information whether
the personhasrecidivatedor not.
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ApproachesRegressions

Aln practice algorithmdesignervery often decidewhich datamost
likely correlatewith orecidivisnit @

ATheresultof the algorithmshouldbe a singlenumber
AThehigherthe number the higherthe risk
AExampldormula:

3 x # previous convictions
— 2 x £ days since last arrest
3 * (1 if man, O else)
2,5 % (1 if violent act involved, 0 else) + ...




Ingeneral

w1 * # previous convictions
— wq * # days since last arrest
+ wg * (1 if man, 0 else)
+ wy * (1 if violent act involved, 0 else) + ...

Thecomputerdeterminesthe weightsandgetsa feedbackon its
predictionsandthe actualobservationof recidivismin that individual.



Quality of an algorithm




al S NFweightsd

AAlgorithmiries 2 daiveight
and computesresultingrisk
for all personsin atest data
set.

AEvaluteshow manyof the
realrecidivistsget highrisk
SCOres

ATheweightingthat
maximizeghis will be used
for all further predictions

N
N

00000000000
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w

000000000000

Greenballs non
recidivating
criminals
Redballs
recidivating
criminals

Optimalsorting
all redson top, all
greensonthe
bottom.

Qualitymeasure
pairsof
red/greenballs
whereredison
top of the green
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OregonRecidivisnRateAlgorithm

A72 of 100pairsare correctlysorted (72%successate! Yeah)

ADoesthis resemblethey wayjudgesmakea decisior?

ANo, insteadof judgingpairs they seea sequenceof defendants of
whichthey are mostinterestedin the oneswith highestrisk

AExperiencguideswhereto cut the risk score:
AE.qg.recidivismrate of joungcriminalsis about 20%.



OptimalSorting

Expected20%recidivists
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Possiblesortingof analgorithmwith 75%
correctlysortedpairs

Expected20%recidivists

#
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Fromscoringto classification

AACLstates criminalsshouldbe sorted
Into three categorieX

AX with low, medium and highisk 9/29 = 31%
respectively

10/24 = 42% 1
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Statistical predictionf
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40% acriminaX @

Alf humanswere catswith 7 lives to havea
40%risk of recidivismit would meanthat
they expectedlyrecidivatein three of them.

AButno! Humansare no cats

AAlgorithmicallylegitimated prejudices
AOf100personsthat area f #his gersord  n Jg’2
arerecidivating
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Ruleof thumb

Alisusedprimarilywherethere are no simplerules
Theyoften searchfor patternsin highly noisydata.

Thepatternsare of a statistical nature.

Oftentry to identify a smallgroupof people(Problemof imbalance
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Equality

Thisiswhat happenswhenyousearchfora / 9 h a
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Discrimination

A Googleshowsjob adswith alower
averagesalaryto femalesurfers

ABasedbn one perspective
recidivismriskassessments
rassistic

A Discriminationin training datawill
belearned

Alf trainingdata containsto little data
aboutminorities, their properties
will not be learned



Algorithms In a democracy



